ABSTRACT. Soil samples were collected on a 0. 4-ha (1.0-ac) 
more years old and do not contain sufficient detail for within-field farm management. Since accurate data are very important for precision agriculture, it is worth considering whether optical sensors, which are adept at large-scale and rapid data collection, would be appropriate for collecting data on soil conditions. Figure 1 includes spectral reflectance curves that indicate that significant optical differences exist among various soil types (data collected in association with the research reported herein). Optical data from a field could be obtained with either ground-based sensors or remote sensing such as aerial or satellite-based imaging. It would be ideal to be able to make useful soil maps within fields with a rapid and relatively inexpensive method like remote sensing. A number of soil properties important to crop production are potentially detectable with remote sensing: texture, mineralogy, organic matter content (O.M.), moisture content, etc. A significant body of work has been developed over the years concerning the optical properties of soils. Some recent examples from the literature are given below.
LITERATURE REVIEW LABORATORY INSTRUMENT-BASED EXPERIMENTS
Starting in the early 1980s, there have been reports (Krishnan et al., 1981; Pitts et al., 1986; Sudduth and Hummel, 1991) of the use of near-infrared (NIR) reflectance for measuring soil properties, primarily O.M. Sudduth and Hummel (1993a , 1993b , 1996 continued to develop this technology and tested a portable NIR spectrophotometer for measuring O.M., cation-exchange capacity (CEC), and moisture content. They found that, while O.M. could be detected reasonably well in the field with such a system, acceptable accuracy for a single calibration equation was limited to a confined geographic area including Illinois, Missouri, Indiana, and Ohio. Using the system in a broader geographic area would require calibrations for other specific regions.
Viscarra-Rossel and McBratney (1998) collected soils from a site in New South Wales, Australia, and prepared them by drying and sieving with a 2-mm sieve. The soil samples had varying amounts of clay, soil water, and O.M. Reflectance spectra were measured at 2-nm intervals from 1300 to 2500 nm. Four wavelengths in that range (1600, 1800, 2000 , and 2100 nm) were considered in detail for their relationships with clay, soil water content, and O.M. The most accurate predictions of clay and water content were obtained at 2100 nm, while the least accurate were obtained at 1600 nm. Clay content predictions were in good agreement with the actual values. Water content predictions also were correlated with actual water content values, but the prediction accuracy was lower than for clay content. Results indicated significant (at the 5% level) responses to clay and soil water content at all wavelengths considered, but found no significant relationships with O.M.
Ben-Dor and Banin (1995) stated that NIR spectroscopy of soils was a good method for rapid and nondestructive determination of clay content, specific surface area (SSA), CEC, hygroscopic moisture (HIGF), calcium carbonate content (CaCO 3 ), and O.M. They studied 91 soil samples collected from the A horizon of Israeli soils. All chemical and spectroscopic determinations were carried out with the fine portion of the soil samples (particle diameters smaller than 0.355 mm). Clay content, SSA, CEC, HIGF, O.M., and CaCO 3 were obtained with chemical analyses. The spectral reflectances were recorded with an FTIR spectrometer optimized to a specific NIR (1.0 to 2.5 nm) region. A constant wavenumber resolution of 8 cm -1 produced 3113 spectral points in that region. Soil properties were found to fit into three groups: Group I (clay content, SSA, CEC, and HIGF), Group II (O.M.), and Group III (CaCO 3 content). Group I properties were correlated among themselves with R values greater than 0.643, and they were all highly correlated to the clay content and/or SSA. Group II values correlated moderately with Group I, having R values ranging from 0.412 to 0.665. The authors related this association to the adsorption properties of soil (including SSA, CEC, and HIGF), either directly or indirectly through the correlation with clay content. Finally, Group III values did not correlate with any of the other properties.
Ingleby and Crowe (2000) used a UV-Vis-NIR spectrophotometer to measure diffuse reflectance spectra of 420 soil samples collected from five fields in Saskatchewan, Canada. They developed multiple linear regression models, a separate model for each field, to predict soil organic carbon content (O.C.) with spectral reflectance data. They found strong correlations between predicted and actual O.C., with R 2 values ranging from 0.73 to 0.89 on the five fields. Shibusawa et al. (1999) developed a portable spectrophotometer for collecting underground soil spectral reflectance, which was obtained at a depth of 35 cm in the wavelength range of 400 to 1700 nm. Correlations between spectral reflectance and soil properties such as moisture content, pH, CEC, and O.M., were evaluated. The results showed that these soil properties had a close correlation (R 2 = 0.61 to 0.87) with spectral reflectance at certain wavelengths. Demattê and Garcia (1999) used a spectroradiometer to measure the spectral reflectance of soil samples collected from basaltic soils in Brazil. The samples were in two depth ranges, 0 to 20 cm and 40 to 60 cm. The spectral data were in the range of 400 to 2500 nm. Their results indicated that soils could be separated at the soil type level, that amorphous and crystalline iron (Fe) in the soils influenced reflectance differently, and that weathering of the basaltic soils was correlated with differences in the spectral reflectance curves. Further, they used multivariate analysis of the spectral data to estimate, reasonably well, the amounts of clay, silt, kaolinite, crystalline Fe, amorphous Fe, and Mg. Moran et al. (1997) reviewed several research efforts prior to 1997 that used remote sensing to map soil properties including loess thickness, O.M., CaCO 3 , soil nutrients related to soil texture and drainage, iron oxide content, and soil texture. However, they noted that remote sensing was not being employed for this purpose regularly because soil reflectance properties "are often confused with variations in soil moisture content, surface roughness, climatic conditions, solar zenith angle, and view angle." Nevertheless, other researchers continue to look at remote sensing as an aid in soil mapping. Muttiah et al. (1998) developed a linear programming procedure to classify cotton areas from Landsat and AVHRR (Advanced Very High Resolution Radiometer) data. They found that Landsat data were useful in distinguishing among areas with a growing crop, bare soil, disked bare soil, non-disked low straw, non-disked high straw, and disked soil with high straw that had been re-disked.
REMOTE SENSING-BASED EXPERIMENTS
Palacios-Orueta and Ustin (1998) studied the relationship between remote-sensing reflectance data collected with the AVIRIS (Advanced Visible/Infrared Imaging Spectrometer) and Fe and O.M. contents, and texture, in soils from the Santa Monica Mountains in California. They found that total Fe, O.M., and sand were the main factors affecting the spectral curve. Soils with low sand content had low reflectance. They concluded that levels of Fe and O.M. could be discriminated with sensors having the spectral resolution of the AVIRIS sensor. Barnes and Baker (1999) found that spectral classification procedures based on aerial and satellite images could be used to map soil textural classes in individual fields with a reasonable degree of accuracy. Further, Barnes et al. (1996) suggested ways in which spectral information from bare soil could be applied to gridded soil sample data to improve interpolation. Coleman et al. (1993) 
OBJECTIVES
The goal of the research reported herein was to develop optical methods that can provide data for precision-agriculture management decisions concerning the soil. Toward that end, the objectives of this study were: S To examine the relationships between soil reflectance spectra and the physical and chemical properties of soil in the study site. S To analyze soil reflectance spectra to understand sources of variation in the data.
MATERIALS AND METHODS

STUDY SITE
The study site consisted of two farm fields (referred to as field 1 and field 3) in the northern Mississippi Delta region near Vance, Mississippi. Fields 1 and 3 are approximately 111 and 162 ha in size, respectively. The fields are about 1.6 km apart but in different counties, field 1 being in southern Quitman County and field 3 being in northern Tallahatchie County. The USDA/NRCS soil survey lists these two fields as including several soil types (table 1) . It can be seen in remotely sensed images that a large amount of variation exists in visible reflectance from the bare soil within the fields, so it is to be expected that a large amount of soil-type variability exists also.
SAMPLE COLLECTION AND PREPARATION
A total of 724 soil samples were collected from the study site in July 1999: 276 from field 1 and 448 from field 3. The location of each sample was selected with a differential GPS receiver such that each sample represented about 0.4 ha (1 ac). From each location, 400 to 700 g of soil was collected to a depth of 150 mm to 200 mm with a 25-mm diameter manual soil probe. The soil core from one probe was considered to be one subsample, and each sample was a mixture of five subsamples. One of the five subsamples was taken at the sampling position indicated by GPS. The other four subsamples were taken from random points within 3 m of the GPS-indicated position.
Preparation consisted of drying soil samples in open air at ambient temperature in a non-environmentally controlled laboratory. The air-dried samples were ground until the entire sample passed through a 2-mm screen.
SAMPLE MEASUREMENT TECHNIQUES Chemical Measurements
Chemical contents of the soil samples were measured with the Mississippi Soil Test method. This method predominantly involves creating a liquid extract from each sample that is then subjected to atomic-emission spectroscopy (AES). Readings from the AES instrument indicate concentrations of calcium (Ca), potassium (K), magnesium (Mg), sodium (Na), phosphorus (P), and zinc (Zn) in the soil. Soil pH was determined by measuring a mixture of soil and deionized water with a pH probe.
Organic matter was not considered in this study because soils in the Mississippi Delta typically contain less than 1.0% organic matter, as opposed to 2% to 5% in the Midwest, and organic matter values change rapidly due to the warm and humid climate. Since the thrust of this work is towards the use of remote sensing, which generally does not provide information in real time, it was deemed reasonable not to consider organic matter in this effort. Furthermore, since optical remote sensing usually takes into account only the surface layer of the soil, it was deemed unreasonable to consider nitrogen variations in the soil, which are generally measured with a deep core (approximately 1.0 m) sample. Means and standard deviations of soil chemical properties are given in table 2.
Physical Measurements
Soil texture was determined with the hydrometer method. This method determines the approximate proportion of clay (particle diameters < 2.0 µm), silt (2.0 to 50 µm), and sand (50 to 2000 µm) particles in a soil as follows (Research Analytical Laboratory, 2000) : 40 g of prepared soil is shaken for 16 h with 100 ml of 5% sodium hexametaphosphate; the suspension is transferred to a sedimentation cylinder and brought to a total volume of 1 L with deionized water; after 
Spectrophotometric Measurements
The reflectance spectra for each soil sample were collected with a Cary 500 UV/Vis/NIR spectrophotometer. This spectrophotometer is equipped with a diffuse-reflectance accessory that incorporates an integrating sphere. Because of the integrating sphere's geometry, it is able to collect almost all the reflected radiation, remove any directional preferences, and present an integrated signal to the detector. The collected spectra for each sample consisted of 970 reflectance values, each with an averaging time of 0.1 s, at wavelengths from 250 nm to 2500 nm. The spectral resolution selected in the 250 to 792 nm range was 1 nm, and that used in the 792 to 2500 nm range was 4 nm. Soil samples were prepared by placing a small amount of soil into a small plastic sample holder with a window on one side. The sample holder was designed and fabricated specifically so that soil samples could be presented to the spectrophotometer. The sample holder was 25 mm tall, 25 mm in outside diameter, and 20 mm in inside diameter. It had a window at one end and a removable cap at the other end. The window was a piece of sapphire glass with a thickness of 1 mm and a diameter of 22 mm. Sapphire was chosen because its transmission from 200 to 6000 nm is roughly constant (at about 85% in the case of these 1-mm thick windows).
Before collecting soil reflectance spectra in a given data collection session (i.e., at least once per day), a spectral reflectance baseline was recorded, after instrument warmup, with a reference disk covering the sample port of the diffuse reflectance accessory. The reference disk in this case was a manufacturer-provided, secondary-white-standard, polytetrafluoroethylene (PTFE) disk calibrated relative to a perfectly diffuse reflector. In order to account for the light attenuation caused by the optical window in the sample holder, the same type of sapphire glass as used in the sample holder was placed on top of the PTFE disk during baseline collection.
A sifted soil sample was added to the sample holder until it was full (typically about 6.6 g of soil), and the soil was retained in the holder by placing the removable cap over the open end of the holder. Each soil sample was then mounted over the sample port with the sample holder's window pressed against the sample port, and the sphere collected the energy reflected from the soil sample surface. The standardized spectral reflectance of a sample was calculated as the ratio of the flux reflected by the sample to that reflected by the reference disk under identical geometrical and spectralillumination conditions. After each reflectance measurement, the cap was opened and the sample in the holder was removed. Then the optical window of the holder was cleaned before adding the next sample.
EXPERIMENT 1: RELATIONSHIPS BETWEEN SPECTRAL REFLECTANCE AND CHEMICAL/PHYSICAL DATA Data Collection
One spectral measurement was collected for each of the 724 samples in this part of the study. Soil texture measurements were also collected for all samples without replication. Soil chemical properties were collected in triplicate for all samples, with the average used in the analysis. Due to the large number of samples, the effect of error sources on spectral data was investigated with a separate study (Experiment 2, described below) on a reduced number of soil samples rather than by repeated measurements of the entire sample set.
Data Analyses
Multiple-linear regression was used to develop models of reflectance spectra that were most highly correlated with a soil property of interest. Since there were 970 reflectance values for each sample, it was necessary to significantly decrease the amount of spectral data that would be used in developing models. For this purpose, each sample spectrum was divided into 45 wavebands, each one being 50 nm wide, and an average reflectance was calculated for each 50-nm waveband. The center wavelengths for the 50-nm wavebands were as follows: 275, 325, 375, …, 2425, and 2475. It is reasonable to divide the spectrum in this manner for two reasons: (1) sensor development often employs optical filters with bandwidths in the 10 to 100 nm range, and (2) files of spectral data including a sizeable number of samples are of such magnitude that they often do not lend themselves to rapid computer analysis at the spectral resolution of the data (i.e., some reduction of data volume is often required prior to analysis).
These 50-nm averages were analyzed with the SAS procedure Proc REG (SAS, 1999) to quantify correlations between reflectance and soil properties. The maximum model size with this procedure was 45, so it was important to consider what number of spectral variables would constitute the appropriate model size. The REG procedure with the "select = C p " option optimizes the value of the Mallows' C p statistic as it calculates regression parameters and statistics with different numbers of regressors. The output of Proc REG with the "select = C p " option gives an estimate of the most appropriate model among all those possible. The C p statistic strikes a balance between the improvement in fit by adding a new regressor to the model and the corresponding increase in variability. Equation 1 gives details of how C p is calculated:
where p = number of model parameters (regressors) s 2 = error mean square for the candidate model ŝ 2 = estimate of σ 2 (population variance) n = number of data points. When the value of C p is approximately equal to the number of regressors in the model, a reasonable model is indicated. It should be pointed out that Proc REG uses the error mean square from the most complete model as ŝ 2 . If this is not a good estimate, then the bias portion of C p can be negative, in which case C p can be less than p (Walpole and Myers, 1993) . According to Myers (1990) , the lowest value of C p in a group of regression models generally indicates the most appropriate model. The SAS procedure, Proc REG with the "select = C p " option selects the model with the lowest value of C p .
The models correlating reflectance spectra with soil properties were developed separately for the two fields in the study area. Because of the interest in having broadly applicable models for determining soil properties, the models developed for each field were applied to the data from the other field. The best model for each soil property in each field, as judged by having the lowest C p value, was tested on the other field's data, and comparisons were made between models.
EXPERIMENT 2: DIFFERENTIATING VARIABILITY IN THE SPECTRAL REFLECTANCE DATA
Data Collection
Reflectance spectra of 21 soil samples, selected at random from the total of 724 samples, were measured repeatedly in two different ways. First, five subsamples were collected from each soil sample, and the spectral reflectance of these five subsamples was measured once. Then, one of the five subsamples was scanned repeatedly for a total of five times without removing the sample holder from the sample port of the diffuse reflectance accessory. Repeating measurements in this way allowed the variability among samples, the variability within samples, and the variability associated with measurement error to be evaluated independently. This experiment was important, because, of the total reflectance variability within a group of soil samples, it is important to know what portion is a result of measurement error, what portion is a result of non-homogeneity of individual samples including sample preparation and presentation to the instrument, and what portion relates to true differences in soil samples from different parts of a field.
Data Analyses
Spectral data for evaluating measurement variability were analyzed with the SAS procedure Proc SUMMARY (SAS, 1999) to determine the coefficient of variation (CV) at all wavelengths from 250 to 2500. First, the CV was calculated for all five subsamples of the 21 samples, not including the replications for measurement error. This CV was considered as "total" CV. Second, the CV was calculated for all five subsamples of each individual sample, not including the replications for measurement error. This calculation gave 21 sample CV values, which were averaged together into a CV considered as "within-sample" CV. Finally, the CV was calculated for all five replications of the one replicated subsample of each sample. This calculation also gave 21 sample CV values, which were averaged together into a CV considered as "measurement" CV. It is duly noted that this method of calculating and considering CVs is not a rigorous statistical approach to partitioning variability. However, with the number of variables (wavelengths) being considered here, a traditional analysis of variance was viewed as unnecessarily cumbersome. The hope was that certain spectral bands would be found to be particularly good with regard to considering total variability and the partitioning of it (i.e., certain bands would exhibit high total CV and low within-sample and measurement CVs). It should be noted that certain wavebands were expected to be poor areas of the spectrum to make soil measurements. For instance, wavelengths around 800 nm are affected by the detector change that occurs in the spectrophotometer at 792 nm. Furthermore, wavelengths from roughly 2175 nm to 2275 nm are affected by an absorption peak caused by the vibration mode of the hydroxyl ion (Baumgardner et al., 1985) .
RESULTS EXPERIMENT 1: RELATIONSHIPS BETWEEN SPECTRAL REFLECTANCE AND CHEMICAL/PHYSICAL DATA
It was clear from the analyses that no individual 50-nm bands were highly correlated with any soil property under consideration. The only soil properties that had single-regressor models with R 2 values above 0.10 were Ca (R 2 = 0.17) and Mg (R 2 = 0.23), and only in field 1. While these single-band correlations were statistically significant at the 5% level, they were not strong enough to be useful in designing spectral sensors for soil-property measurement. The best multiple-regressor spectral-reflectance model for each soil property, selected with the REG procedure, is given for fields 1 and 3 in tables 3 and 4, respectively. The models, all of which were significantly correlated (at the 5% level) to the property of interest, are those with the lowest C p value.
Several things are evident upon review of these tables. First, soil nutrients were more highly correlated with reflectance spectra on field 1 than on field 3, while soil texture properties were more highly correlated with reflectance spectra on field 3 than on field 1. Second, the only soil properties that had multiple-regressor models with R 2 values greater than or equal to 0.50 were Ca (R 2 [ 0.7) and Mg (R 2 [ 0.7) in field 1 and clay (R 2 [ 0.6) and pH (R 2 [ 0.5) in field 3 (the R 2 values for clay, P, and pH in field 1 were nearly 0.50). Third, the soil properties that were somewhat well correlated with soil reflectance spectra on one field were generally not as well correlated in the other field. Finally, the wavelengths included in the best correlation models were not similar between fields. Figures 2(a) through 2(i) include between-field comparisons of the spectral wavelengths that were most correlated with a given property. There is no obvious evidence that particular wavelengths were broadly applicable for a given soil property. Further, when the best models for field 1 were applied to field 3 and vice versa (table 5), lower R 2 values were obtained, except in the case of K in field 1 based on the model from field 3. This anomaly is not important because the difference in R 2 values is small, the R 2 values are very low, the field-1-based model contained 19 variables as opposed to the seven in the field-3-based model, and the field-1-based model is not significant. On the whole, a model developed on one field did not apply as well to the other field. However, it is evident that the models developed in one field were predictive for certain soil properties in the other field, e.g., R 2 = 0.63 for Ca and 0.68 for Mg in field 1 based on the model developed for field 3, and R 2 = 0.50 for clay in field 3 based on the model developed for field 1. In addition, the correlations between all of these models and the property of interest (except K in field 3) were statistically significant at the 5% level.
EXPERIMENT 2: DIFFERENTIATING VARIABILITY IN THE SPECTRAL REFLECTANCE DATA
Figures 3a and 3b are graphs of the total, within-sample, and measurement CV for the randomly selected samples in experiment 2. It is clear that certain sections of the spectrum have more variation than others. It can also be seen that, as was expected, measurement CV is less than within-sample CV, which is less than total CV. However, at certain portions of the spectrum, measurement CV approaches within-sample CV, and at certain portions within-sample CV approaches total CV. Figure 4 includes the ratios of non-within-sample CV to total CV and non-measurement CV to total CV. The height underneath each curve indicates the portion of the variability not attributable to the associated factor. For instance, at any wavelength, the percentage under the curve of non-withinsample CV to total CV indicates the amount of total variability remaining for discrimination of soil-property differences in the population. Figure 5 also includes the ratio of non-within-sample CV to total CV, but after it has been normalized by dividing the value at each wavelength by the maximum value over all wavelengths (in this case, at 740 nm). It can be seen in figure 5 that the spectrum between 250 and 2500 nm can be divided into several sections with regard to the ability to discriminate among the soil samples studied. The region over which maximum discriminatory power (90% to 100% of maximum for the ratio of total CV minus within-sample CV to total CV) exists is between roughly 500 and 800 nm. Regions of good discriminatory power (80% to 90% of maximum) exist between 400 and 500 nm and between 950 and 1500 nm. Regions of moderate discriminatory power (50% to 80% of maximum) exist between 250 and 400, 875 and 950, 1500 and 2125, and 2275 and 2375 nm. All remaining regions (800 to 875, 2125 to 2275, and 2375 to 2500 nm) can be considered as having poor discriminatory power (less than 50% of maximum). It bears repeating that these regions are somewhat dependent on the instrument used. The regions where measurement CV is high, most notably the region around 800 nm, have poor discriminatory power largely because of instrument characteristics.
DISCUSSION
Ideally, one would find certain reflectance spectra that could be measured and consistently related to soil properties on a wide variety of agricultural fields. The work in this study indicates that, while relationships between reflectance spectra and the soil properties under consideration are detectable, they are not so strong and consistent as to allow real-time optics-based mapping of soil chemical and physical properties with the methods examined. This work compares well to other studies (e.g., Ingleby and Crowe, 2000) that have reported inconsistencies between fields in the relationships among soil properties and reflectance spectra. It is possible that finer resolution than 50 nm or consideration of other portions of the spectrum may be more promising for certain soil properties. In addition, other optical measurement techniques besides diffuse reflectance could be investigated. One thing that appears clear is that more fundamental research as to how soil constituents affect optical properties is needed. Natural soils are very complex, and the solution for real-time soil-property measurement is likely to be complex also. 
Wavelength (nm) Coefficient of variation (%)
Total CV Within-sample CV Measurement CV Figure 3a . Coefficient of variation of soil-sample reflectance spectra. 
CONCLUSIONS
Based on this work, the following conclusions were drawn: S 50-nm-band averages of reflectance spectra from 250 to 2500 nm were significantly correlated (at the 5% level) to soil properties on the two fields in this study, but no single 50-nm bands were highly correlated with any soil property under consideration. S Soil nutrients were more highly correlated with multiple reflectance spectra on one of the fields, while soil texture properties were more highly correlated with reflectance spectra on the other. S The only soil properties that had multiple-regressor models with R 2 values greater than 0.50 were Ca and Mg on one field and clay and pH on the other field. S Soil properties that were well correlated with reflectance spectra on one field were not as well correlated on the other. S Wavelengths included in the best correlation models were not similar between fields, and models developed on one field did not apply as well to the other field. S Certain sections of the spectrum have more variation than others in terms of measurement error, sample inhomogeneity, and differences among samples. S For the instrument used in this study, the spectrum between 250 and 2500 nm can be considered in several sections with regard to the ability to discriminate among the soil samples studied; the regions of highest discriminatory power were between 400 and 800 nm and between 950 and 1500 nm.
